Objective: We investigated the feasibility of a novel, customizable, simplified EMGdriven musculoskeletal model for estimating coordinated hand and wrist motions during a real-time path tracing task.
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Real-time control was achieved with very little training and simple, quick (~15 second) calibration. Thus, our model is potentially a practical and effective control platform for multifunctional myoelectric prosthesis that could restore more life-like hand function for individuals with upper limb amputation.
Introduction:
There are more than 41,000 individuals in the US who suffer substantial functional impairment as a result of a major upper limb amputation [1] . Despite the emergence of advanced multifunctional prosthetic hands, most commercially-available devices permit users to move only one degree of freedom at a time [2] . Conversely, rotations among joints of the intact limb are often performed simultaneously and continuously to control endpoint (i.e. hand) posture, location, and orientation with remarkable precision and versatility [3] . Simultaneous multi-joint movements are temporally efficient because joint rotations are performed continuously in parallel rather than discretely in series. Enabling effective and coordinated multi-joint prosthesis control for upper limb amputees may enhance function and restore more natural movement ability than conventional controllers.
Several existing algorithms decode multi-joint movement intent directly from motor commands [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] , i.e. neural signals from the brain or muscles that initiate movement. However, these algorithms do not directly account for the complex interactions between numerous neural, muscular, and skeletal components that 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 4 influence motor commands during multi-joint movement. For instance, a muscle's biomechanical contribution to movement depends on its own force output -a non-linear function of its length, shortening velocity, and neural stimulation -as well as the instantaneous active and passive force output of other muscles [15, 16] . Muscles can even influence motion at joints they do not cross [17] . Additionally, since several muscles of the hand are multi-articular, forces generated about the metacarpophalangeal (MCP) joint, for example, are highly dependent on wrist posture [18] . Computational musculoskeletal models, commonly used in biomechanics research, directly incorporate the biomechanical structure through which neural stimuli produce movement. Thus, compared to existing algorithms, musculoskeletal models may better account for the many biomechanical factors that influence movements initiated by motor commands.
Musculoskeletal models have been used to predict upper limb kinetics and kinematics from able-bodied electromyograms (EMG) [19] [20] [21] [22] , but it is unclear whether the same approach is suitable for amputees whose neural and musculoskeletal anatomy and physiology are severely disrupted. Researchers posit that humans employ feedforward motor control based on an internal model of the native limb's dynamic properties that is reinforced by sensory feedback during movement [23] [24] [25] . Individuals may retain an internal model of the missing limb after amputation, though its cortical representation may change with deficient or augmented sensory feedback [26, 27] . As a result of the retained internal model, amputees can generate motor commands that are both consistent for a given movement and distinct among different movements. This has been demonstrated by the ability of pattern recognition algorithms, under controlled 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 5 experimental conditions, to distinguish among up to 10 wrist and hand movements using EMG recorded from amputees' residual muscles [28] and to distinguish from among 16 intended arm motions using EMG recorded following targeted muscle reinnervation [29] [30] [31] . Thus, amputee motor commands reflect movement-specific biomechanical intent that, while potentially altered, could be represented in a musculoskeletal model to predict movement intent from EMG. When implemented for prosthesis control, such a musculoskeletal model should provide an intuitive interface, behaving as if it were the amputee's own limb. In a previous off-line analysis, we demonstrated that a customized musculoskeletal model could reasonably predict unconstrained (i.e. not task-specific) multi-joint movement from surface EMG for ablebodied subjects and an individual with transradial amputation [32, 33] .
The objective of our study was to test whether a customizable musculoskeletal model could enable effective real-time simultaneous multi-joint control of a virtual hand during a path tracing task. More importantly, this model-based EMG interface was tested not only on able-bodied subjects, but also on an individual with a transradial amputation to test the feasibility of our model as a platform for prosthesis control. Our research might lead to a novel method for EMG control of multifunctional artificial arms that produces coordinated motion for functional task performance.
Methods:
The experimental protocol was approved by the University of North Carolina at Chapel Hill Institutional Review Board, and all subjects gave their informed consent to 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 6 participate. Five able-bodied subjects (AB1-AB5) with no history of neuromuscular impairment and one individual with a right transradial amputation (subject TRA) participated in the study (Table 1 ). All subjects were otherwise healthy and had no other chronic health issues (e.g. cardiovascular, cognitive). Subject TRA had no reported pain in the affected limb and qualitatively described a vivid sense of phantom wrist and finger movements.
Model description
We used a planar lumped-parameter musculoskeletal model of the wrist and hand [32, 33] ; the model is described in detail in Appendix A. Briefly, the model included two degrees of freedom, wrist and metacarpophalangeal (MCP) flexion/extension, as prosthesis users have demanded and would benefit from greater wrist movement capability in addition to hand motion [34, 35] . Four Hill-type musclesone antagonist pair crossing the wrist only and another antagonist pair crossing the wrist and MCP joints -were added to the model. This muscle arrangement was chosen because (1) it is similar the arrangement of muscles that cross the physiologic wrist and MCP joints, and (2) it permitted independent control of wrist and MCP joint movements in both flexion and extension directions. The model was implemented in MATLAB (Mathworks, Inc., MA, USA).
Model Customization
The model was customized for each subject using data from a previous study [32] . In that study, subjects performed isolated and combined wrist and MCP flexion/extension movements. We used an infrared motion capture system (Vicon movements. An inverse kinematics analysis was performed using an upper limb musculoskeletal model [36] in OpenSim [37] to compute joint angles from marker locations. EMG were processed to estimate the muscles' activation state, or force output as a percentage of its maximal force at a given length and shortening velocity [38] .
For each test subject, we customized the values of a total of 22 musculoskeletal parameters (5 for uni-articular muscles and 6 for bi-articular muscles) that strongly influenced the force-and joint moment-generating capacity of the muscles in the model:
optimal contractile element (CE) length, maximum isometric CE force, in situ CE length, parallel elastic element stiffness, and moment arm(s) of each muscle about the joint(s) it crossed. Muscle activation states from EMG recorded in the previous study were applied to the model during a forward dynamic simulation. The 22 musculoskeletal parameters were adjusted iteratively during a constrained global optimization routine [32] .
Real-time model-based controller
The model was implemented for real-time EMG-driven control in MATLAB ( Figure 1 ). Adhesive bipolar silver/silver chloride surface EMG electrodes with an interelectrode spacing of 22 mm (Norotrode 20, Myotronics, Inc., WA, USA) were placed approximately over the same four forearm muscles for which EMG was used to optimize the musculoskeletal parameters: extensor digitorum, extensor carpi radialis longus, flexor digitorum, and flexor carpi radialis. EMG signals were recorded at 1000 Hz (Motion Lab Systems, Inc., Louisiana, USA). Data were accumulated in 50 ms blocks in a 1000 ms array for processing to lessen filtering artifacts. The accumulated EMG were high-pass filtered, rectified, low-pass filtered, and downsampled to 100 Hz. EMG from the most recent 50 ms window of the accumulated array were applied to the muscles in the model during a real-time forward dynamic simulation. Based on the applied EMG, muscle forces and the moments they generated about the wrist and MCP joints were computed as described in Appendix A. Given the computed muscle-generated joint moments and previous model states (i.e. joint angles and angular velocities), the model equations of motion were integrated over a 0.01 second timestep to compute the subsequent model states at 100 Hz. A c c e p t e d M a n u s c r i p t A c c e p t e d M a n u s c r i p t 10 joint to increase the fingertip's range of motion. The angles of the interphalangeal joints were always equal to the MCP joint angle during real-time control.
Path tracing task
To quantify the control performance enabled by the musculoskeletal model, subjects performed a path tracing task in which they traced straight paths with the fingertip of the virtual hand. The locations and orientations of 10 straight paths, with specified start and end regions, were defined manually to be approximately evenly distributed across the fingertip workspace of the virtual hand ( Figure 2 ). Start and end regions were demarcated by green and red circles, respectively, with a radius of approximately 5% of the total length of the virtual hand from wrist to fingertip. Straight paths were chosen to encourage subjects to coordinate movement of the wrist and MCP joints simultaneously during the task. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t At the beginning of each test session, subjects were seated directly in front of a computer screen so that they could easily see the virtual hand and target paths displayed on the screen (Figure 1) . The arm was supported by the subject with the shoulder and forearm in a neutral posture and the elbow flexed to approximately 90°.
EMG was collected briefly (~15 seconds) during maximum voluntary contractions (MVCs) to normalize subsequent EMG during the task. Subjects were given approximately 5 to 10 minutes of undirected practice to become familiar with the control dynamics of the virtual hand. Subjects were then given the following instruction: "Trace each path with the fingertip of the virtual hand as closely as possible while moving from the start to end region as quickly as possible." The relative importance of these two task goals (accuracy and speed) were left to each subject's discretion. Subjects traced each path 3 times in succession, and the order of the paths was the same across subjects. A trial was defined from when the fingertip exited the start region to when the fingertip entered the end region. For each trial, we recorded the trial duration, joint angles, fingertip location, and raw and processed EMG.
An important criterion for prosthesis control is whether the model-based controller enabled consistent day-to-day performance. Therefore, able-bodied subjects completed two test sessions on two separate days with the same customized model parameters (EMG during MVCs was re-recorded before each session). A c c e p t e d M a n u s c r i p t perpendicular distance, mean fingertip speed, and path efficiency. These parameters correspond approximately to how well subjects controlled the location, speed, and direction, respectively, of the fingertip of the virtual hand during the tracing task. The mean perpendicular distance (MPD) between the fingertip and path quantified the accuracy with which subjects traced the paths, where lower MPD indicated greater accuracy. MPD was the perpendicular distance between the fingertip and path averaged across a trial. Perpendicular distance between the fingertip and path trajectory was calculated as (Eq.1):
Data Analysis
Where and are the and coordinates of the fingertip, respectively, and ,
, and are coefficients of the line defining the straight path (Eq.2).
Eq.2
Mean fingertip speed (S) was the fingertip trajectory length, as a percent of hand length (wrist to fingertip), divided by the trial duration in seconds (Eq.3).
Eq.3
The path efficiency (PE) of the fingertip trajectory was computed as a measure of how direct subjects moved the fingertip from the start to the end region (Eq.4) [39] .
Eq.4
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Of the 3 trials for each path, the trial with the lowest MPD was selected for further analysis. MPD and S were right skewed; these data were transformed by computing log 10 (MPD) and log 10 (S) to allow us to perform statistical tests that assumed normal data distribution.
There is a well-documented tradeoff between speed and accuracy during various tasks [40] . To determine whether a similar tradeoff between these task goals (speedand accuracy) occurred during the path tracing task, we computed the linear regression of log 10 (MPD) and log 10 (S) across all trials, and computed Pearson's correlation coefficient (r) to test the strength of the relationship between the two variables. To estimate how subjects weighted the two task goals in each test session, we grouped log 10 (MPD) and log 10 (S) by session, and computed the mean and standard deviation of each variable.
We hypothesized that S and PE, corresponding to the speed and direction of the fingertip, respectively, would influence tracing accuracy. To test this hypothesis, we used able-bodied subjects' data to generate a multiple linear regression model with log 10 (S) and PE as predictor variables and log 10 (MPD) as the response variable. The coefficient of multiple determination ( ) was computed to estimate how much of the variation in log 10 (S) and PE could explain variation in MPD, a measure of tracing accuracy.
We compared the extent to which able-bodied and amputee subjects simultaneously moved the wrist and MCP joints by computing the ratio of wrist-to-total angular speed ratio (absolute value of angular velocity) at each timepoint during a trial (Eq.5). 
For each trial, we computed a distribution of the wrist-to-MCP velocity ratio into two bins, dividing timepoints by whether the subject was moving either the wrist or MCP joint faster.
Finally, as the controller was based on a musculoskeletal model, its dynamics were similar to that of the human hand. Specifically, stronger contractions were required to maintain postures near the extremes of the model's range of motion. We plotted MPD as a function of path location to determine whether tracing accuracy may have been influenced by model dynamics.
Statistical comparisons were considered significant for p≤0.05.
Results
All able-bodied subjects performed the tracing task using their own customized model; parameters were not changed between test sessions. Due to challenges in electrode placement across test sessions, subject TRA performed the tracing task with parameters customized for AB5. The model parameters used by each subject, computed in our previous study, and a video depicting a sample segment of the tracing task experiment accompany the manuscript as Supplementary Data.
All subjects could successfully complete the path tracing task for all paths.
Qualitatively, both able-bodied subjects and subject TRA kept the fingertip relatively 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 15 close to the target path while moving it from the start to end region (Figure 3) . However, tracing performance appeared to differ among paths and subjects. Across trials, tracing accuracy was inversely proportional to the speed with which subjects performed the task. There was a significant linear relationship between log 10 (MPD) and log 10 (S) across paths, test days, and subjects (Pearson's r=0.25, p=0.0102, n=108), indicating that the model enabled consistent performance overall. To avoid over-influencing this correlation computation, two outliers were removed (TRA A c c e p t e d M a n u s c r i p t 16 paths 6 and 7) because the subject traced the paths ballistically at a very high mean fingertip speed (approximately 1.1 and 7.0 hand lengths/sec, respectively); by comparison, the mean and standard deviation of S for all other 108 trials was 0.20 and 0.15 hand lengths/sec, respectively. The linear relationship between log 10 (MPD) and log 10 (S) remained significant when only able-bodied subject performance was considered (Pearson's r=0.21, p=0.0387, n=100). When log 10 (MPD) and log 10 (S) were averaged within subjects and test sessions, we observed that differences in performance between test sessions could partly be explained by how each subject weighted the two task goals (accuracy and speed) in the session (Figure 4 ). Thus, subjects weighted the task goals differently from one another, and each AB subject weighted the task goals differently between test days. However, these differences conformed to the overall relationship between accuracy and speed. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t Both AB subjects and TRA could generate coordinated activity among the 4 muscles used to control the virtual hand, which was required to generate the simultaneous, coordinated multi-joint motions needed to trace the paths. For instance, when tracing path 3, subjects AB5 and TRA both generated EMG activity associated with MCP extension and wrist extension that gradually increased over the trial ( Figure   5 ). Similarly, for path 9, subjects AB5 and TRA contracted both MCP extensor and wrist flexor muscles, with some co-contraction of the MCP flexor. That subject TRA could generate coordinate muscle contractions associated with both the wrist and MCP joints is remarkable given that he had no need for or regularly performed muscle contractions to generate multi-joint movements in the more than 2 years since his amputation. A c c e p t e d M a n u s c r i p t Despite similarities in muscle coordination while tracing some paths, overall, AB subjects coordinated motion between the wrist and MCP joints differently than subject TRA. Specifically, for 8 of the 10 paths, subject TRA moved the MCP joint faster than the wrist joint more often than AB subjects ( Figure 6 ). In other words, subject TRA preferentially favored MCP motion over wrist motion, whereas AB subjects generally moved the wrist and MCP joints equally. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t
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Figure 6: Percentage of trial timepoints in which subjects moved the wrist joint faster than the MCP joint, using kinematic data from trials with the lowest mean perpendicular distance. Subject TRA favored MCP motion over wrist motion more than AB subjects for 8 of 10 target paths.
Finally, MPD, averaged across subjects, was lower toward the middle of the fingertip workspace and higher near the boundaries of the fingertip workspace ( Figure   7A ). Therefore, subjects could trace paths more accurately within the middle of the model's range of motion, and less accurately at the range of motion extremes. We did not observe a similar relationship between MPD and fingertip location for subject TRA, 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 Qualitatively, fingertip trajectories for some paths and subjects were noisy due to erroneous oscillatory fingertip motion. Since model kinematics were predicted from EMG-driven muscle forces, motion errors were likely associated with EMG generation, recording, and processing. For instance, EMG signals are notoriously nonstationary even for isokinetic or isometric tasks, indicating physiologic variability of motor commands [41] . EMG was recorded during dynamic movements which, along with other sources, can introduce low-frequency noise [42] . Methods used to filter and normalize EMG can greatly influence the variability of subsequent muscle force estimates across timepoints. Additional development is needed to identify experimental, signal processing, or modeling techniques that will mitigate the effects of unintended EMG variability on endpoint motion.
Tracing accuracy was inversely proportional to the speed with which subjects completed the task, a phenomenon that has been well-characterized for human task 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 22 performance and human-computer interfaces and reflected in the well-known Fitts' law model [40] . Other algorithms intended for upper limb prosthesis control have been shown to conform to Fitts' law [9, 39, 43, 44] . Our study did not include such a Fitts' law style test for two reasons. First, Fitts' law assumes that the movements subjects are required to generate during the task are "highly overlearned" [40] . Since one of the study goals was to demonstrate that our model-based controller was intuitive, we intentionally did not allow subjects to practice the task, much less to the point that it was overlearned. Second, the dynamic response of each subject's customized model was similar to, but did not exactly match, their own (perceived) limb movements. Therefore, we expect that some training and practice will improve tracing performance such that a
Fitts' law style test would be appropriate. In future studies, we plan to conduct such a test to permit more direct, standardized comparison between our model and other control algorithms.
Subject TRA in our study, and amputees in several others, have reported a sensation of voluntary phantom limb movement. However, as reported in other studies [10] , TRA also had difficulty imagining or generating appropriate muscle contractions for simultaneous multi-joint movement. Because our musculoskeletal model mimics the dynamics of the intact human hand, it provides physiologic visual feedback of the imagined movements to the user. Previous studies have shown that visual feedback matching imagined movements can enhance activity in the primary motor cortex and reduce phantom limb pain [45] , and that training enhances prosthesis functional performance [46] . Thus, we expect that our model would provide amputees appropriate 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 23 feedback of their hand movements and, with retraining, improved ability to control multijoint movements.
Several algorithms have been developed and tested to interpret simultaneous multi-joint movements from motor commands measured either directly from the brain or from EMG. For instance, neural signals recorded by implanted electrode arrays have allowed users to control the endpoint (hand) location and posture (e.g. grasp) of a multidegree-of-freedom robotic arm [4] [5] [6] . Algorithms used to decode movement intent from EMG for upper limb prostheses include artificial neural networks [7, 8] , support vector regression [9] , principal component analysis [10] , nonnegative matrix factorization [11] , pattern recognition [12] , Kalman filter prediction [14] , and linear regression [13] . Though we expect that our musculoskeletal model may generate more physiologic movement predictions than these algorithms, it is unclear how they would compare in terms of task performance. More online testing is needed to quantify and compare performance among these control approaches.
Though our model enables both wrist and MCP flexion/extension, few commercially-available prosthetic terminal devices include active wrist flexion/extension. However, there is strong demand by amputees for prostheses with greater wrist motion [34] . A number of upper limb tasks, including feeding/drinking, hair combing, opening a jar, and pouring from a jug, require wrist flexion/extension motions [3, 47] . Restricted wrist flexion/extension motion in able-bodied subjects led to poorer performance during standard clinical hand function tests [48] . Additionally, absence of prosthetic wrist flexion induced compensatory motions at proximal joints in amputees that could increase injury risk or fatigue [35, 48, 49] . A c c e p t e d M a n u s c r i p t
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A key requirement of independently controlling multiple joints is recording distinct, individually-modulated neural commands from several independent muscle sources. EMG recorded from the forearm is subject to crosstalk, especially when using surface EMG electrodes, given the close proximity of many muscles that contribute to several different wrist and hand movements [50] . In able-bodied subjects, recording EMG from the muscles required to control our model is relatively straightforward since they are all anatomically superficial in some part of the forearm. However, placing surface EMG electrodes for individuals with transradial amputation is more challenging because muscles that contribute to finger movement, for instance, are deep to muscles that contribute to wrist movement in the proximal residual forearm. We faced this challenge for subject TRA in this study, leading us to use a model customized for another subject instead if TRA's own model during the tracing task. To mitigate this challenge in future studies, we plan to use intramuscular fine-wire electrodes to more reliably record muscle-specific EMG signals in transradial amputees. Signal processing techniques that distinguish EMG and eliminate crosstalk may also be useful [51] .
Another important requirement for clinical applications of myoelectric control systems is robustness to electrode shift [52] . Across test sessions, electrodes used to measure EMG were placed over approximately the same muscles as determined by manual palpation and photographs of electrode locations from a previous test session. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 25 [53] are highly attractive for our model-based controller because they stabilize electrode location while providing muscle-specific EMG signals over a long period of time.
Limitations
There were several limitations of our study to consider. First, we tested a small and unequal number of able-bodied and amputee participants. The study was designed to test the feasibility of our musculoskeletal model as a potential platform for prosthesis control, rather than directly compare performance or neuromuscular behavior between able-bodied and amputee subjects. We plan to include more amputee subjects in future studies to test the broad applicability of our model-based control across the patient population.
We used a simplified hand model that does not incorporate all biomechanical structures that influence hand dynamics. Offline, the model predicted subjects' wrist and MCP kinematics reasonably well, but with some error [32, 33] . These prediction errors may have undermined performance of the virtual task, but online prosthesis testing is needed to determine how these errors may disrupt real-world task performance.
Movements of the interphalangeal joints were approximated in the virtual hand by matching their joint angles to the MCP joint angle. This allowed us to test our modelbased control over a larger fingertip workspace. However, this inter-joint coupling is not necessarily physiologic as these joints can be actuated independently from the MCP joint by other intrinsic and extrinsic hand muscles [54] . Thus, the coupling may distract subjects if the movements of the virtual hand and their own hand differ. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t
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Since the model was customized for each able-bodied subject, its dynamics and range of motion differed among subjects. Though all subjects could move the fingertip to all path locations, it may have been more difficult for some subjects to reach some locations depending on their model's dynamics and range of motion. Thus, intra-subject differences in model dynamics likely caused differences in task performance.
We did not directly compare virtual task performance between our model-based controller and other algorithms, as other studies have done [13, 43, 44] . Given major differences between virtual and prosthetic interfaces, the value of comparing control algorithms based on virtual task performance is uncertain. For instance, our virtual path tracing task required very precise control of fingertip location, which may not be a requirement for some daily living tasks, such as grasping. Using a prosthesis adds mass to the distal forearm, which will influence EMG recorded from residual upper limb muscles. Prosthesis control may suffer from EMG variability due to electrode shift, limb posture, and fatigue [55, 56] , conditions that may be less prevalent during a virtual task.
Conclusion
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